Abstract. This paper applies the Sensitivity-driven Distributed Model Predictive Controller (S-DMPC) for the active power control of wind farm. Compared with the conventional centralized wind farm control, multiple objectives optimal control is used in this study, including power reference tracking performance and wind turbine fatigue load minimization. The computation tasks are assigned to the local distributed controllers and solved in parallel. Through the communication between the neighbouring subsystems, the global optimization could be achieved. Therefore, the proposed controller can significantly reduce the computation burden and guarantee the global optimization. A small wind farm is used as a test case and the simulation results verify the control performance. It is promising for the modern large-scale wind farm control.
Wind turbine modelling for S-DMPC
The main purpose of this section is to obtain a simplified wind turbine prediction model for the S-DMPC design of wind farm. The typical nonlinear wind turbine system is shown in Fig. 1 .
Fig. 1. Block diagram of the nonlinear wind turbine model
This model should be simplified. The fast electromagnetic transients can be ignored due to the large sampling time of wind farm control (in second class). Besides, to show the fatigue loads experienced by wind turbine (drive train), the low speed dynamics of shaft torque s T should be captured. Such a wind turbine model has been summarized and introduced in [8] . It is linearized around the operating point. Its state-space form is expressed as follows, represents the equivalent inertia; µ is power efficiency; T ω is the time constant of the generator speed filter.
Configuration of proposed wind farm control
The proposed wind farm control setup is illustrated in Fig. 2 . Only active power is considered in this paper. It is a two-level control system: wind farm level and local control level.
In the wind farm control level, the wind farm controller behaves like a centralized unit. Different active power functions (balance control, power rate limiter, delta control, frequency control, and etc.) could be applied to provide the required power 
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Problem formulation
The cost function for S-DMPC design takes both tracking performance of the wind farm power reference and wind turbine fatigue loads minimization into consideration. In this study, only the fatigue loads experienced by drive train is considered. However, it can be extended with the other fatigue loads types in the future work.
The equation proposed in [8] 
where N is the number of wind turbine in wind farm; P Q and T Q are the weighting factors;
WT ref T indicates the steady state of the shaft torque. The second terms is used to penalize the deviation of shaft torque from the steady state in order to reduce the wind turbine fatigue loads of drive train.
S-DMPC algorithm
Obviously, the control inputs D and i E for the QP problem is elaborated in [9] .
In order to achieve the global optimality, the QP problems for all the turbines are coordinated based on sensitivities [9] . The cost functions for each turbine should be extended as the following:
p p dp dp Step 3:
to the distributed controllers.
Step 4: Solve the QP problem of all distributed controllers in parallel to get [ 1] p κ + and the Lagrange multiplier [ 1] κ l + .
Step 5: Set : 1 κ κ = + and go back to 3.
Step 6: Stop iteration, if the stopping criterion is met. In this paper, fixed number of iteration is applied as the stopping criterion in order to limit the online computation time.
Case Study
A wind farm with 3 5MW
× wind turbines is adopted as the test case. The wind speeds are from the actual wind farm measurement. The mean wind speed for each wind turbine is over its rated wind speed ( 11.5m/s ). Therefore, all the wind turbines operate in the partial loading mode. The sampling time s t is set 1s. The communication delay is ignored in the simulation. The simulation time is set 300 s. The simulation results are compared with these of a conventional centralized wind farm controller to verify the control performance. As proposed in [4] , the proportional distribution algorithm is used for the centralized control.
During the simulation, the power reference of the wind farm . Therefore, the power references for all the turbines are kept constant.
For S-DMPC, the wind speed is considered as the measurable disturbance. Since persistence assumption is suitable for short-term prediction, the fixed wind speed value is used for the prediction horizon.
The comparisons for all the turbines between these two controllers are illustrated in Fig. 3-Fig. 5 . It can be observed that the power output by S-DMPC varies following the wind speed (see Fig.  3(b)-Fig. 5(b) ). Accordingly, the deviation of shaft torque s T is significantly reduced (see Fig. 3 (c)- Fig. 5(c) ).
Regarding the whole wind farm, the simulation statistics are listed in Table I , where with S-DMPC is increased by 6.76%, the absolute value is only 0.0008MW, which is quite small compared with the power reference (10MW). 
Conclusion
In this paper, the sensitivity-driven DMPC is applied for active power control of wind farm. Similar with the conventional centralized control, the proposed controller can fulfil the requirement specified by system operator and track the power reference closely. Besides, the additional wind farm fatigue load minimization is included in the cost function. With the proposed S-DMPC, the large-scale optimization problem can be assigned to local distributed controllers and solved in parallel. Besides, the convergence of S-DMPC is guaranteed during the iterations between the distributed controllers. Hence, the computation burden can be significantly reduced. These benefits are verified by the simulation case. I t is suitable for the modern large-scale wind farm.
